ABSTRACT Mobile Crowdsensing (MCS) is a new mode of sensing for the Internet of Things, which has become a research hotspot. In an MCS market, there are usually three parties, i.e. requesters, workers and the platform. Each party of the crowdsensing market wants to obtain more benefits, so different mechanisms of task assignment need to be provided respectively to meet the different needs of the three parties. Great efforts have been invested on task assignment mechanisms from the perspective of the platform or requesters, i.e. a user recruitment algorithm of profits-maximizing for the platform under budget constraint, an efficient and truthful pricing mechanism for team formation and so on. However, to the best of our knowledge, there is rare mechanism for the task scheduling or planning from the perspective of workers, without considering how to maximize the benefits of workers in the case of multitasking. In this paper, a theoretical analysis on the calculation model of workers' benefits is conducted to investigate the influence factors of workers' income and its relation. Consequently, a heuristic multi-task scheduling algorithm based on Ant Colony Optimization algorithm (ACO) is proposed to determine a task scheduling strategy to maximize the workers' benefits. Finally, extensive experiments are carried out by using the STSP dataset available online, and it is shown that the proposed algorithm significantly reduces the cost of completing multiple tasks, and substantially improves the workers' benefits.
I. INTRODUCTION
With the development of science and technology, smartphones have been widespread in people's lives in a few years. Smartphones are programmable and equipped with a set of cheap but powerful embedded sensors, such as gravity acceleration, photosensitive, camera CCD or CMOS, GPS, magnetic, acoustic and temperature [1] , [2] . These sensors can be used to collect various context data, i.e. environment data, traffic data and public service. Mobile Crowdsensing (MCS) is a collaborative perception process, taking advantage of the smartphone's perception ability and the mobility of the person who carries the phone, in order to perform a
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large-scale sensing work [3] - [5] , which is a new mode of sensing for the Internet of Things [6] , [7] . It can also mine the group information through the individual sensing information, and react on individual or group finally. MCS can accomplish all kinds of large-scale and complex perception tasks which are difficult to deal with by traditional sensor network at a low cost, which is worth of study.
There are two different modes to collect sensing data in the crowdsourcing manner, which can be respectively referred to as explicit mode and implicit mode [8] . The explicit mode generates sensing tasks through demand-driven mode by the requester from the crowdsensing platform, and allocate tasks to specific participants to collect the sensing data according to the specific requirement, as shown in Fig. 1 . Nevertheless, the implicit mode does not specify a task target or requirement, only using the data that the user unintentionally contributed to generate new value by secondary processing, as shown in Fig. 2 . Both of the two modes can accomplish the large-scale sensing tasks, but comparing with the implicit mode, the explicit mode is more deterministic and predictable. Therefore, in recent years, there have been a lot of discussions on user incentive mechanism [9] - [11] , task allocation [12] - [19] and privacy protection [20] - [22] for the explicit mode of MCS. Among them, task assignment, worker selection and task scheduling is the core issue of mobile crowdsensing for the sensing target [18] , [23] .
For the explicit mode of MCS, in common, most of sensing tasks require coverage of a spatial region, which indicates that the platform tends to recruit smartphone users, or workers, who have diverse current location and subsequent moving trajectories, to jointly cover a large portion of the target sensing region [24] . Specifically, when completing a query task, workers need to travel through some area that may be of interest to certain crowdsensing task. Therefore, requesters, workers and the platform are the necessary components of MCS. Every party of MCS market wants to obtain more benefits, so different mechanisms of task assignment need to be provided respectively to meet the different needs of the three parties.
Great efforts have been invested on task assignment mechanisms from the perspective of the platform or requesters. One critical branch of studies on task assignment and scheduling is time-sensitive [19] , [23] , [25] , which have tried to select suitable worker set to perform the tasks under the constraint of completion time, by using some prediction methods, i.e. a time-related Markov model and a low complexity greedy centralized algorithm. Another critical branch of studies on task assignment and scheduling is spatialsensitive [24] , [26] - [28] , which focuses on the locationbased query tasks and intends to make the most of mobile workers by letting them complete location-based query and sensing tasks at the same time, by some coverage estimation methods, i.e. minimizing the traveling distance [29] and maximizing the number of assigned tasks during the given time interval [30] , [31] . Besides, there are some studies on task assignment and scheduling under some other special constrains, i.e. QoS constrained [32] , budget constrained [33] and quality guaranteed [34] . Hence, we can conclude that the time, spatial and other constrains are the important components of the cost.
Almost all of the existing works are exploring the task assignment from requesters' or the platform's perspective, rather than from a worker's perspective, which has ignored the benefits of the workers over time. In this paper, we deal with the profits-maximizing for the worker at certain intervals by considering the time cost, distance cost and the price of the task. Specifically, we propose a theoretical analysis on the calculation model of workers' benefits to investigate the influence factors of workers' benefits and its relation firstly. Moreover, inspiring by the benefit model and the ant colony optimization algorithm(ACO), a heuristic multi-task scheduling algorithm based on ACO is proposed to determine a task scheduling strategy to maximize the benefits to workers. Finally, extensive experiments including the wellknown STSP dataset [35] as well as the dataset about the taxi trajectory which is collected in Shanghai, are conducted to implement a MCS-based system, and a thorough performance analysis confirms the validity of the proposed algorithm in terms of the benefits of workers who are in the process of completing multiple tasks.
The rest of the paper is organized as follows. Section 2 establishes the model of workers' profits calculated by a economical method. Section 3 proposes a heuristic multi-task scheduling algorithm. In Section 4, experimental results and performance evaluation are reported. We conclude this paper and shed light on future works in Section 5.
II. FUNDAMENTALS OF PROFITS MAXIMIZATION FOR WORKERS A. A GENERIC PROFITS MAXIMIZATION MODEL IN ECONOMIC
Due to the purposive assumption of behavior, some mathematical models are introduced to solve the maximum value problem of functions with several variables. In economics, profits maximization is used to guide the production activities 41464 VOLUME 7, 2019 of a factory, suppose we have n products a 1 , . . . , a n , p is the corresponding price w 1 , . . . , w n , the production of each product requires m production factors x 1 , . . . , x m , the output y of the product depends on the production factor that the input volume of x 1 . . . , x m , y = f (x 1 , . . . , x m ). The problem facing the manufacturers is to determine the production plan under the technical constraints to achieve the highest possible profits, that is, profits maximization. Profits maximization is generally divided into short-term profits maximization and long-term profits maximization. For short-term profits maximization, there is generally only one variable factor of production, while the rest are unchanged factors of production, suppose the short-term production function can be expressed as y = f (x 1 , x 2 ), where x 1 is a variable element, and the unit price is w 1 , and x 2 is a fixed element, and the unit price is w 2 . Then the fixed production cost is FC = w 2 x 2 , and the variable cost is VC = w 1 x 1 . Assuming that only one product is produced and the price is p, then the objective function of short-term profits maximization:
The optimal condition is pMP 1 (x * 1 , x 2 ) = w 1 , among them:
Then the short-term variable factor demand of the manufacturer and the short-term output level of the manufacturer can be obtained when element 2 is given unchanged. Examples are as follows:
Suppose the short term production function:
It's marginal product:
The profits maximization condition:
Hence, short-term variable factor demand:
Manufacturer's short-term production level:
The short-term production profits:
For long-term profits maximization, there are generally multiple variable factors of production, and even all of them are variable. We represent the target function as two variables max
So the long-term optimal condition is pMP 1 (x 1 , x * 2 ) = w 1 , pMP 2 (x * 1 , x 2 ) = w 2 , they have to be both, the (x * 1 , x * 2 ) is the maximum profits point. The number of inputs to the factor of production that is not true of any formula is not the number of inputs to the point of maximum profits. Long-term profits maximization conditions MP1/MP2 = w1/w2. In the discussion of long-term profits maximization, the most commonly used is the cobb-douglas production function, which was originally created when American mathematician C. W. Cobb and economist Paul H. Douglas jointly discussed the relationship between input and output. This function points out that the input of the optimal factor, under the condition of maximum profits in long-term production, namely the production function Y = αk β 1 L β 2 , where Y denotes the growth rate of output, and α denotes the rate of scientific and technological progress; k and L are the growth rate of capital and the growth rate of labor respectively; β 1 and β 2 represents the elastic coefficient of capital output and the elastic coefficient of labor output respectively. In this paper, according to the form of the cobb-douglas production function, we take the production function y = x 2 as an example to illustrate. According to (6) , (7) and (8), we can solve the number of the input x 2 when maximizing the long-term profits firstly,
That is to solve
The solution
Secondly, we can solve the number of the input x 1 when maximizing the long-term profits . We plug (12) into (6), the solution of x * 1 can be formulated as
Finally, if we plug (12) into (7), we can solve the number of the output y * as follow.
To sum up, 
B. A PROFITS MAXIMIZATION MODEL FOR WORKERS IN MCS
We can assume that workers pursuing maximum profits will be paid P i for completing task i, the cost price per unit distance and per unit time is w 1 and w 2 respectively, and the input of distance and time is d i and t i . Suppose we consider workers facing competitive benefit and cost markets. The process by which a worker completes a task can be summarized as a production function:
Here, the production function can be viewed as a technical state of maximum output by combining two inputs, or elements x 1 and x 2 . The objective function of workers' profits is the total income minus the total cost, that is, the maximum of profits can be expressed as:
The test condition of this model is the special value of factor price w 1 , w 2 and the product price p. The goal of the model is to come up with verifiable assumptions about observable behavior (such as changes in input levels) when conditions change (i.e., factor or product prices change). In general, each task only needs to be completed once,p is used to represent the average value of the task reward. Therefore:
where y is the number of completed tasks. If the factor of production only considers distance and time, the cost price of unit distance and unit time should be w 1 and w 2 . (18) can be formulated as
Supposed is the total distance cost, andt is the total time cost. (18) can be formulated as
According to (15) , the optimal input of distanced and timet can be calculated when maximizing the benefits of the worker in the MCS market.
III. THE MULTI-TASK SCHEDULING ALGORITHM
A. ACO ACO refers to an algorithm derived from natural phenomena, and is also a meta heuristic algorithm, which is usually used to find the optimal path in the graph. By defining the observation range of ants, environment (with or without obstacles), foraging rules, moving rules, obstacle avoidance rules, and sowing pheromone rules, the decision solution of a problem can be found according to local information. The algorithm implementation steps are as follows: step 1: Initialize related parameters, such as the number of ants and the iteration of algorithm; step 2: Randomly distribute ants to cities; step 3: Each ant forms a solution in the process of visiting the city, keep the city you have visited in tabu table; step 4: Each ant chooses a city according to the probability of pheromone in a city that has not visited; step 5: Calculate the total path length of each ant walking and save the optimal solution.
B. THE CALCULATION OF PARTICIPANT EFFICIENCY
From the workers' perspective, if the price of the task is same and they just think about the cost of the distance, the multitask scheduling can be represented as a Traveling Salesman Problem (TSP), that's because the TSP problem only considers one factor of distance and requires the minimum sum of the final total path. However, the multi-task scheduling in MCS not only requires participants to travel as short as possible, but also requires participants to complete tasks with as little time as possible and to be paid as much as possible. So participants wanted to be able to walk less, complete tasks more quickly, and get paid more in a limited amount of time. Therefore, we proposed the concept Participant Efficiency (PE) to measuring their production status. In order to maximize the benefits of workers, based on the profits maximization model for workers mentioned above, the production function can be used to calculate PE. According to Cobb-douglas production function, in this paper, PE can be expressed as follows:
Thep indicates the reward paid by the platform to the participant after the participant completes the task, thet indicates participant's time cost to complete the current task, thed refers to the total distance cost to complete the current task, and n is the number of completed tasks; λ 1 , λ 2 , λ 3 are relevant proportional parameter, which are used to adjust the output. In general, the more rewards a participant completes a task, the shorter the task takes and the shorter the distance traveled, the greater the PE value.
C. THE HEURISTIC MULTI-TASK SCHEDULING ALGORITHM
When solving the TSP problem, the ant algorithm only considers the sum of the paths and finally selects an optimal path. Instead, in this paper, we replace the notion of a path with PE, therefore, the final output is a sequence of tasks to be completed by the participant, which makes the total PE value of the participant reaches the maximum. The proposed heuristic multi-task scheduling algorithm is described in Algorithm 1.
The PE value is determined by the cost of the journey, the task time and the task compensation. Here, we treat each ant as a participant in each task. In the process of walking and completing the task, we are able to calculate its PE value. After completing all the tasks, the sum of the PEs is generated. Through a large number of ants and multiple runs to the algorithm, we can finally find an optimal task completion order and seek the best interests of participants.
Algorithm 1 The Heuristic Multi-Task Scheduling Algorithm
Input: The number of task areas,denoted N;
The set of the task areas' coordinates, denoted {(x1, y1), (x2, y2), . . . , (xn, yn)};
The set of the time to complete the task, denoted{t1, t2, t3, . . . , tn};
The set of the payment after participant complete task, denoted{p1, p2, . . . , pn};
The number of ants, denoted γ ; The number of iteration, denoted NC; Output: The order in which participants complete the task;
The maximum benefit that participants receive after completing all tasks, denoted Max{ N n=1 PEn}; 1: Initialize parameter values, set N , γ , NC; 2: Compute the distance between each two task areas, use formula: distance(i, k)= (xi − xk) 2 + (yi − yk) 2 ; 3: put each ant randomly choose an initial task area; 4: for each ant do 5: compute the PE of each task area; 6: choose next city with Probability of PE; 7: while there exists task areas have not visited do 8: return step 3 9: end while 10: end for 11: The ant returns to starting Task area at the beginning; 12: Update the pheromone matrix according to certain principles, including the volatilization and increase of pheromone; 13: while The number of iteration < NC do 14: return step 3 15: end while 16: Output the task optimal order and Max{ N n=1 PEn}
IV. EXPERIMENTS
In this section, extensive experiments are conducted to validate the theoretical analysis about calculation model of workers' benefits and the performance of the heuristic proposed multi-task scheduling algorithm.
A. SETUP
In order to comprehensively investigate the performance, we adopt the online available dataset provided by TSPLIB [35] , which is a library of sample instances for the TSP (and related problems) from various sources and of various types. But in order to save processing time and the space of this paper, a sample dataset associated with a symmetric traveling salesman problem (STSP) as shown in Fig. 3 . In this paper, according to the Cobb-Douglas production function, the production function is set as Y = αd length visiting each node exactly once. The distance from node i to node j is the same as from node j to node i. Different task nodes have different prices and times. Since distance is a dynamic process of change, we use it in the table without specific numbers. In calculating the distance between different nodes, we use the coordinates of the different nodes of the TSPLIB data type.
In addition, based on the experimental data, we set the value of α as ≈ 12 (since the number of tasks is an integer, we need to round up Y * ). Therefore, we can infer when the number of tasks is around 12, the maximum profits can be earned by the worker.
Finally, We evaluate the performance of the algorithm. We designed three other comparison algorithms to evaluate the participants' effectiveness. They are Random prediction algorithm (Random), time-first algorithm (TFA), price-first algorithm (PFA). The following experiments prove that our proposed task allocation mechanism algorithm is better than the comparing algorithms.
B. VALIDATION OF THE PROPOSED MULTI-TASK SCHEDULING ALGORITHM
In the experiment, when we validate the effect of the number of ants on the PE, the number of iterations is set as 1000, when we validate the effect of the number of iterations on the PE, the number of ants is set as 1000. From Fig. 4 and Fig. 5 , we have proved when the number of ants is about 1200 and the number of iterations is 1600, the PE value VOLUME 7, 2019 tends to be stable. The maximum benefit of the participant can be realized when the PE value is approximately equal to 11.
To prove the authenticity and reliability of our proposed algorithm, we set up several sets of comparison algorithms to validate the experiment. The first comparison algorithm is random algorithm. It means that the order in which we perform tasks is random, each time we pick from the remaining unexecuted tasks, and finally execute all the tasks. TFA means that each time we select a task with a short task, we execute it first, and finally complete the entire task sequence. Similarly, PFA means that we prioritize higher-paying tasks. Fig. 6 . shows the fact that our algorithm is better than other three algorithms. From the curve of ACO, we can see that the PE value has a tendency to rise first and then fall, which obtains the maximum value 11 when the number of tasks is around 12. Similarly, we calculate the profits of the four algorithms with different number of tasks in Fig. 7 . From the figure we can see that the profits reaches the maximum when the number of tasks is equal to 12. After that, as the number of tasks increases, the profits value tends to ease. All of the above illustrate the authenticity and reliability of our proposed algorithm.
V. CONCLUSION
A theoretical error analysis was reported for MCS market to calculate the value of each factor when the worker's benefits maximizes based on some economic theories and models, i.e. short term profits maximization, long term profits maximization and Cobb-Douglas Production Function. Additionally, in order to maximize the benefits to workers, a heuristic algorithm was proposed to guide workers to accomplish some tasks according to a certain sequence. It was shown that two key factors (the number of iterations and the number of ants) have series influences on the localization performance, and the proposed heuristic algorithm is able to deliver superior performance in comparison with several other approaches. Thus, it is promising to adopt the proposed method in existing MCS-based systems so as to maximize the worker's benefits without additional time and distance as well. 
